What is already known about this topic?
Introduction
Epidemiologic and economic measures, such as the mortality, morbidity, or financial burden of disease, can define its total burden (1) . Studies examining burden of disease often use epidemiologic measures, quality-adjusted life-years, or disability-adjusted life-years (2, 3) . However, the disease burden might not solely depend on these measures. Less tangible, or latent, aspects of disease burden may exist (4) (5) (6) . This complex network of factors, both proximal and distal, can influence individual health outcomes (7, 8) .
Interest in measuring population health outcomes and ranking communities (eg, the Social Vulnerability Index [9] ) has increased (10) (11) (12) . Much literature focuses on environmental hazards or disasters. Few studies have considered reducing the dimensionality of the factors that could influence cancer. We considered disease burden as a latent variable: an unobservable factor only reachable through data reduction (13) . Because we defined burden as an agglomeration of community indicators at the county level that exacerbate poor health outcomes, we addressed it through statistical methods.
Methods

Data
To quantify and examine burden, we collected socioeconomic, demographic, and other contextual data from 2010 through 2016 for all US counties and county equivalents. Texas has the highest number of counties (n = 254) followed by Georgia (n = 159). The scope of our analysis also included US territories. All statistical analyses were conducted in SAS 9.4 (SAS Institute Inc), with mapping conducted in ArcGIS 10.5 (Esri Corp). Data were combined from multiple public-use sources. Over 300 variables were collected and combined; after removing redundancies and testing for multicollinearity, 99 were retained for analysis, and 56 were included in the final output (Table 1) .
Variables were selected via literature that identified key population health indicators. These variables included, but were not limited to, poverty, income, food access, segregation, social capital, and demographic characteristics (7, 8) . All data were merged on the State-County FIPS (federal information processing standard) code. Following the Social Vulnerability Index methods (9) , count variables were normalized as either per-capita values, percentages, or density functions. Missing data were handled by using unweighted hot deck imputation (14) . This method, used by the US Census Bureau, reduces nonresponse bias (15) , is nonparametric, and is therefore insensitive to model misspecification. Approximately 80% of the observations had complete data, and the remaining variables had no more than 4.3% missing. Variables were then standardized by using z score standardization.
The outcome of interest (dependent variable) was overall countylevel, age-adjusted cancer death rate from 2010 through 2014 from US cancer statistics. These data were obtained from the National Vital Statistics System public use data file (16) .
Statistical methods
Factor analysis is a method for reducing a large number of variables to a smaller set of grouped variables (factors). Factors minimize information loss by reducing observed variances into measures of latent constructs (17) . We had no a priori theory of the latent constructs, so we conducted an exploratory factor analysis (17) .
We used principal components analysis, a commonly used method of exploratory factor analysis. We used a varimax then promax (oblique) rotation, which allows the factors to have non-zero correlations, and used Kaiser criterion with 100 iterations for component selection (18, 19) . Factor analysis was deemed suitable after review of variable correlations, the Kaiser Measure of Sampling Adequacy (Kaiser MSA), and variable communalities (17) . Factors were extracted, cardinality was determined on the basis of correlation coefficients with the outcome, an additive burden index was computed for each county, and each factor was weighted equally. Negative factors were expected to decrease burden, whereas positive factors were expected to increase burden.
Loadings with an absolute value of 0.5 or higher were flagged in the factor analysis. Twenty-one factors were extracted via the Kaiser criterion. Factors that had fewer than or equal to 2 variables loading were not retained because of underidentification. The factors were regressed on the outcome of interest: overall county-level, age-adjusted cancer death rate from 2010 through 2014, in both unadjusted and adjusted analyses. The burden index was also regressed on the outcome. The results from the burden index were mapped across the United States, along with overall cancer death rate.
This work was a secondary analysis of publicly available data; institutional review board review was not required.
Results
All variables had a correlation of at least 0.3 with at least one other variable. The Kaiser MSA was 0.86. The communalities were all above 0.4, confirming that each variable shared some communality with other variables.
Our analysis yielded 21 factors of which 9 were retained to create the composite index of underlying population health indicators. Factors that were retained had 3 or more variables load on them with a minimum value of 0.5. These factors, described below, explained 68.3% of the variance among counties and county equivalents. Factor names were based on the highest loading variables and should not be interpreted beyond being representative of a latent construct (Table 2) . Regression results appear in Table 3 .
Asian race and isolation; high income and home value, factor 1, identified Asian race, median home value, Asian residential isolation, median gross rent, and per-capita income along with 10 other variables. It explained 14.6% of the variation among US counties and county equivalents. The percentage of adults with obesity, current smokers, and the percentage of persons with a high school diploma or General Education Development only were the only variables that loaded negatively on the factor. This factor had a negative association with the overall cancer death rate (r = −0.36, P <.001).
Black race and isolation, factor 2, identified black race, the percentage of the population that is in poverty, black and rural, black residential isolation, and 11 other variables. This factor explained 12.5% of the variance among US counties and county equivalents. Only the percentage of non-Hispanic white population, and white isolation loaded negatively on this factor. This factor had a positive association with the overall cancer death rate (r = 0.39, P <.001).
Hispanic ethnicity and isolation, factor 3, identified Hispanic ethnicity, the percentage of persons born in Mexico and the Caribbean, Hispanic residential isolation, and 3 other variables. This variable is characterized mainly by the 4 aforementioned variables, which all have loadings greater than or equal to 0.97. This factor explained 9.8% of the variance among the counties and county equivalents and was negatively associated with the overall cancer death rate (r = −0.26, P <.001).
Food insecurity, factor 4, identified food insecurity. The highest loading variables were the percentage of Women, Infants, and Children (WIC) program participants, the percentage of households classified with child food insecurity, and the percentage of School Breakfast Program participants. This factor identified numerous variables that indicate safety nets for populations who are food insecure. This factor explained 7.98% of the variance among the counties and county equivalents. It was positively associated with the overall cancer death rate (r =.23, P <.001).
Hospital and population density, factor 6, identified hospital and population density by using 3 variables. Federally qualified health center density was the highest loading variable, followed by population density and total hospital density. This factor explained 4.97% of the variance and was not significantly associated with the overall cancer death rate (r = 0.01, P = .55).
Older age, factor 7, had only 3 variables load on it, and it identified persons aged 65 or older. It is characterized by median age, the percentage of persons aged 65 years or older and living alone, and the percentage of households with Social Security income. The factor explained 7.7% of the variance in the data set. The factor was positively associated with the overall cancer death rate (r = 0.14, P <.001).
Housing, factor 8, identified poor housing issues and explained 4.4% of the variance among counties and county equivalents. It was characterized by 3 variables; the percentage of households using wood for heat had the highest loading. The percentage of households lacking complete plumbing and the proportion of housing units that were vacant also loaded on this factor. The factor was not significantly associated with the overall cancer death rate (r = −0.01, P = .71).
Stress (long commute), factor 10, identified stress in terms of work and work commute and explained 3.4% of the variance. Three variables loaded on this factor, two representing commute to work, and one representing a high-stress work environment. It is characterized by the percentage of workers who travel at least one hour to work, and the percentage of workers in construction. The factor had a small positive association with the overall cancer death rate (r = 0.16, P < .001).
Employed in government, factor 13, the final factor in the equation, was identified by 4 variables and explained 2.96% of the variance among county and county equivalents. The highest loading variable was the percentage employed in government. This was followed by expenditures per capita in restaurants and the percentage of workers in other industries. These other industries included trade, transportation, information, and finance and professional, scientific, and management services. The percentage employed in manufacturing negatively loaded on this factor. The factor had a small negative association with the overall cancer death rate (r = −0.07, P < .001).
Burden index. The burden index was positively associated with the outcome. A 1-unit increase in the index corresponded to an approximately 4-unit increase in the overall cancer death rate, on average. The index explained 23% of the variance in overall cancer death rates. In adjusted regression analysis, all factors were significant predictors of the outcome except the older age factor. This model explained 34% of the variance in the county-level cancer death rate.
Geospatial distribution of the burden index and overall cancer death rate. The burden index was created from the 9 factors described above and characterized US county and county equivalents according to their relative level of burden ( Figure 1 ). The burden index had a mean of 0 and a standard deviation of 3.4 with values ranging from −15.33 to 15.83. Counties with the average burden fell within half of 1 standard deviation from the mean. Counties with low or high burden were more than 0.5 standard deviations from the mean but less than 1.5 standard deviations, and counties in the most extreme categories, very high and very low, were more than 1.5 standard deviations away from the mean. The index had a moderate positive association with the cancer death rate (r = 0.48, P < .001). We used the following equation to calculate burden index: In terms of population health, higher values indicated higher burden, whereas lower values indicated lower burden. Summit County, Colorado, had the lowest burden index, −15.33, whereas New York County, New York, had the highest burden index, 15.83. Slightly fewer than half of the counties fell in the average burden category (n = 1,309). More counties were classified as high or very high burden (n = 985) than low or very low burden (n = 939). Low burden counties were mostly in the Western United States, whereas high burden counties were mainly in the South and Southeast. Mississippi had the largest number of very high burden counties, with 67.1% of its counties falling in that category (n = 82), whereas Colorado had the largest number of very low burden counties, with 64.1% of its counties falling in that category (n = 64). When we combined the low with very low categories and the high with very high categories, 90.6% of Colorado's counties occur in the low-very low category. Colorado had no counties that fell in the very high burden category. Kentucky had 76.7% of its counties in the combined high-very high category (n = 120). Texas had the largest number of average burden counties with approximately half of its counties in that category.
The overall cancer death rate was mapped by using quintile breaks ( Figure 2 ). Rates ranged from 51.4 per 100,000 to 389.6 per 100,000. The 2 highest quintiles were concentrated in the Southeast among the following states: Missouri, Oklahoma, Arkansas, Louisiana, Mississippi, Alabama, Tennessee, Kentucky, West Virginia, and South Carolina. Alaska and Maine also had a large number of counties in the highest quintiles. 
Discussion
Our study quantifies the environmental burden of cancer via population health measures. Studies examining the burden of cancer have mainly used epidemiologic estimates (1) (2) (3) . This study is the first to use the environmental burden approach to overall cancer death rates. We used data reduction to determine underlying constructs related to social determinants of health and population health indicators that contraindicate positive cancer outcomes. We developed 9 factors that were combined in an additive index. Factors are components comprising multiple variables that represent an underlying or latent construct. The burden index had a moderate association with overall cancer death rate and was limited by data availability.
Most of the variance among the counties and county equivalents was explained by demographics. The first 3 factors identified were characterized by a specific race variable as the highest loading, then additional variables. These factors alone explained 36.9% of the variance. The other variables that characterized each of the first factors showed what occurs socially in these counties. Factor 1, Asian Race, also had both medical professional density variables load on the variable, whereas factor 2, black race, also had PREVENTING CHRONIC DISEASE VOLUME 16, E45 PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY
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the percentage of female-headed households, the percentage of Supplemental Nutrition Assistance Program recipients, and the poverty and unemployment rates load on it. Hospital and population density and housing were the only factors not significantly associated with overall cancer death rate.
In adjusted regression analysis, Hispanic ethnicity and isolation and housing were negative predictors. The housing factor represents poor housing outcomes. A positive value would indicate more homes that use wood for heat, have no plumbing, or more vacant homes within the county. Few studies have examined housing's influence on cancer and focused on environmental exposures rather than these specific aspects (20) . The Hispanic ethnicity and isolation factor may be a proxy for social support. Besides race and isolation, several foreign-born variables loaded positively on this factor. Other researchers have reported that despite socioeconomic disadvantages, US Hispanic residents have similar or better health outcomes than non-Hispanic white residents (21) . This may only apply to foreign-born Hispanic residents, because they fare even better in terms of mortality (22). These factors might represent protective latent factors, whereas other significant factors corresponded to an increase in the overall cancer death rate, on average.
If we consider these county-level estimates as proxies for neighborhoods, we can examine how burden influences outcomes, not just mortality, along the cancer control continuum. Neighborhoods can influence general health outcomes through material deprivation, psychosocial mechanisms, health behaviors, and access to resources (23). Counties are major political and administrative units; most states use counties as their primary administrative division (24). County-level analyses provide insights that might allow for actionable changes. Mapping the burden index can demonstrate potential areas of need. A distinct geospatial pattern exists, with most high burden counties concentrated in the South and Southeast and most low burden counties concentrated in the West and Northeast. This pattern is similar to that of overall cancer mortality. Further research can follow up with additional geospatial and epidemiologic analyses. Translating the results through mapping and geographic information systems (GIS) readily conveys the relevance to public health practitioners and researchers. Both figures in our study demonstrate a clear need in the US South and Southeast, especially Alabama, Arkansas, Kentucky, Louisiana, Mississippi, Oklahoma, and Tennessee. These states have a concentration of high and very high burden counties, as well as counties that fall in the 2 highest quintiles for overall cancer mortality. Both burden and cancer mortality is concentrated in areas along the Mississippi River. Future research might examine what additional macrosocial mechanisms may cause this.
Beyond the index itself, individual factors can be parsed out and mapped, and the associations with individual factors and various cancer outcomes can be explored. Each factor provides substantially more information than a single variable would. Additional research shows that social and built environment attributes exert independent influences along the cancer control continuum (23). Kreiger (25) emphasizes the need to investigate which social determinants result in health inequities to improve understanding of etiology and grounds for action.
Although the 34% of the variance in the age-adjusted cancer death rate might seem small, cancer is a heterogeneous disease, requiring a transdisciplinary approach (26). Much literature focuses on individual-level etiology, but cancer is an enormous public health burden (23,26). Our study confirms that over a third of the variation may be associated with social environment and implies a reciprocal relationship between the individual and the environment, as the socioecological model indicates (26). Few studies evaluated and created an index for population health, and none focused on cancer burden at smaller geographic levels, such as counties, tracts, and neighborhoods. Previous studies examined social capital (27), social vulnerability to environmental hazards (9), health opportunity (28), and child opportunity (29). Future studies might quantify county-level cancer burden by using epidemiologic measures of incidence and mortality, in addition to structural equation modeling and other analytic techniques.
Our study had limitations. Principal components analysis is an unsupervised method that creates scores only for observations with complete data; imputed data are subject to the limitations of the imputation methods. This study's results depend upon the validity of the data collected, which may lend itself to nonresponse and selection bias. In addition, some variables, such as those from the Behavioral Risk Factor Surveillance System, are model-based estimates rather than true population estimates. Finally, correlations do not imply causation, and care is needed when interpreting the index. Appropriate analyses, such as structural equation modeling or path analysis, can be conducted to infer causation rather than correlation.
Our study quantifies environmental burden through a multifactor index. These results and the variables collected for use could guide public health practice through program planning. The use of GIS facilitates visualizing and determining areas of need. The association between the index and factors and age-adjusted cancer death rate from 2010 through 2014 was explored. Results demonstrated distinct geospatial patterns of US burden and cancer mortality. These results suggest the need to examine environmental effects PREVENTING CHRONIC DISEASE (social, physical, or built) on cancer mortality and suggest that this index and factors can facilitate exploration of associations with additional health outcomes. The combination of these ecological factors with individual-level information may further explain the variation in the age-adjusted cancer death rate. Tables   Table 1 
